Introduction
The statistical mechanical theory developed by von Hippel (1987, 1988 ) is now commonly accepted. In particular, it is confirmed with successful recognition of DNA sites binding regulatory proteins in prokaryotes by using the weight matrix methods. Nevertheless, recent evaluation of these methods applied to eukaryotic transcription factor binding sites has unexpectedly demonstrated that the matrix scores correlate better to each other than to protein/DNA activity magnitudes (Roulet et al., 1998) . Probably, the reason is that molecular mechanisms of DNA/protein recognition are more complicated in eukaryotes than in prokaryotes. Fot the events specific in eukaryotes, competition between proteins and nucleosome core particles for DNA sites binding these proteins (Godde et al., 1995; Edmondson and Roth, 1996) may be referred. In addition, the synergistic/antagonist interaction between two proteins recognizing a composed element, or DNA site pair binding these proteins, may be essential for tissue-specific gene transcription initiation in eukaryotes (French et al., 1998) . Owing to these reasons, identification of the sequence-dependent DNA features correlating with the affinity magnitudes of the DNA site interacting with a given protein can pinpoint the molecular event limiting this protein/DNA recognition machinery. The present work was carried out within the framework of this intensively developing direction in bioinformatics.
The problem of predicting site activity based on the site sequence was first formulated by McClure and co-workers (Mulligan et al., 1984) , who have suggested the method for predicting activity of Escherichia coli promoters according to promoter sequence similarity to consensus. Stormo et al. (1986) have introduced the weight matrices for predicting site activity. Berg and von Hippel (1988) , based on the statistical-mechanical theory of DNA-protein interactions, have proposed the approach for predicting site activity by applying frequency matrices. Weight matrices were also used for identifying the affinity of E.coli ribosomes to synthetic RNA (Barrick et al., 1994) . Jonsson and co-workers (1993) were the first to apply a neural network technique for predicting the strength of E.coli promoters. Later on, this approach was applied to predicting the transcriptional activity of Inrs and TATA box promoters in eukaryotes (Kraus et al., 1996) . Although thousands of the sites with the known activities are currently familiar, prediction of site activity in accordance with its sequence was demonstrated only in several concrete experiments.
In the present paper, we present the system ACTIVITY, which is the next stage of the previously developed system SITEVIDEO (Kel et al., 1993) . The novel ACTIVITY system allows various DNA features to be revealed, e.g. contextual DNA features (Ponomarenko et al., 1997a) , conformational and physicochemical features (Ponomarenko et al., 1997b,c) , which are significantly correlated with DNA site activity magnitudes. Using the system ACTIVITY, we performed an analysis of various sites and developed the site activity prediction methods fitting the experimental data reasonably well. It was demonstrated that these DNA features are useful for scientific and practical use. For example, it is possible (i) to explain the limiting event of the protein/DNA machinery and (ii) to construct the tools for predicting site activities by 'sequence-activity' linearly additive approximations .
System and methods
The basic scheme of the ACTIVITY system is shown in Figure 1 . This system consists of two parts: the Web-available database part and the encapsulated knowledge discovery part.
The database part of the ACTIVITY system has been implemented by using the Sequence Retrieval System (SRS) Version 5.1 with internal version of the programming language ICARUS. It has been successfully compiled on the Silicone Graphic platform, under UNIX64 version 6.1. The database part is Web available via SRS server by URL = < http://sgi.sscc.ru/>. The major blocks of the system are: the SRS user's Interface; the ACTIVITY database on functional site activities; the PROPERTY database on context-dependent conformational and physicochemical B-DNA parameters; the KNOWLEDGE database containing the significant features of the functional sites determined experimentally, and the programs for predicting activity of these sites.
The knowledge discovery part of the ACTIVITY system has been implemented in the C language of the ANSI standard. It has been successfully compiled on the Intel PC platform using the Borland C compiler, Version 4.5, under Windows95. This part is encapsulated because it takes over 24 h to analyse a single input data set.
Linear-additive approximation for predicting site activity
The specific activity of site F is assumed to be determined by the context-dependent features of its nucleotide sequence S n , namely, statistical, physicochemical and conformational ones. These features may be divided into (i) obligatory features, determining the basal level of the site activity, similar in all the site sequences S n and (ii) facultative features, individual for each site sequence S n , providing the modulation of the site activity level from the basal activity. Then, within the limits of the linear-additive approximation, the activity of the site with the nucleotide sequence S n is described by the equation:
where F 0 (S n ) is the basal activity of the given type site, which is determined by obligatory features representative for the given site type in the sequence S n ; {X m } m = 1,M are facultative features of the site and F m is the impact of the facultative feature X m in site activity F.
ACTIVITY, functional sites activities database
As the initial information for analysing the site activity, the sets of nucleotide sequences provided with experimentally measured specific activity values expressed in corresponding units are considered. This information is stored in the database ACTIVITY on the site activities. For this purpose, a special format compatible with the language SRS for the automated treatment of queries like 'data search' (Etzold and Argos, 1993) was applied. One entry describes a single experiment. An example of an ACTIVITY database entry is shown in Figure 2 .
Context-dependent features of the sites
In the system ACTIVITY, the weighted concentrations of mono-, di-, tri-and tetranucleotides different for the site sequences are considered as the statistical features of the nucleotide context of the site. For the sequence S = s 1 … s i … s L of length L, the weighted concentration of the oligonucleotide Z = z 1 … z j … z m of length m is estimated by the equation: [0 ≤ w(i) ≤ 1], which permits the observation that different oligonucleotides provide the most considerable impact if they are located in different site positions to be accounted for. The examples of such weight functions w(i) are given in Figure 3 . A total of 180 weight functions w(i) is utilized in the system ACTIVITY.
The increasing bulk of experimental data gives evidence that site activity is to a large extent determined by physicochemical and conformational properties (for example, see Starr et al., 1995; Kim et al., 1996; Meierhans et al., 1997) .
Numerous experimental and theoretical studies of B-DNA helix provide the mean values of a considerable number of conformational and physicochemical parameters of di-, triand hexanucleotides (Table 1) . They are stored in the database PROPERTY of the system ACTIVITY ( Figure 4) .
The sequence of the site 
where P q is the qth parameter from the database PROPERTY;
Thus, the system ACTIVITY calculates and analyses two types of context-dependent features of the site sequences: first, the statistical features (weighted concentrations of oligonucleotides) are calculated by equation (2); second, type features, conformational and physicochemical ones, are given by equation (3). Karas et al., 1996 Minor groove width a Å 4.62 6.40 Karas et al., 1996 Minor groove depth a Å 8.79 9.11 Karas et al., 1996 Twist in protein-DNA complexes degree 29.3 39.5 Suzuki et al., 1996 Tilt in protein-DNA complexes degree -0.1 1.9 Suzuki et al., 1996 Wedge angle in free DNA degree 1.1 8. (Karas et al., 1996) and 'persistence length' (Hogan and Austin, 1987) . 
Exhaustive sorting out of characteristics

Utility of applying the features for site activity prediction
For each sequence S n from the set with known site activity F n , a concentration X zmw (S n ) of the oligonucleotide Z of length m, weighted by the function w(i), is estimated. If the pairs {X zmw (S n ), F n } meet the conditions of regression analysis (Forster and Ronr, 1979) , the value F n is predicted by using X zmw . To test these conditions, the simple regression is calculated:
where f 0 and f 1 are regression coefficients estimated for the pairs {X zmw (S n ), F n }. By equation (4), for each sequence of site S n , the site activity value F zmw (S n ) is predicted from the respective feature X zmw (S n ). A deviation ∆ n = F zmw (S n ) -F n of the predicted activity value from the experimental one is also calculated. For the values {F zmw (S n ), F n , ∆ n }, 11 conditions of regression analysis were tested (Forster and Ronr, 1979) . In order to minimize the influence of heterogeneity of the tested values {F zmw (S n ), F n , ∆ n }, this set is subdivided into two non-overlapping subsets equal in volume. The testing of all 11 conditions is carried out independently for each of two subsets. Besides, by the corresponding statistical criterion (Lehman, 1959) , the level of significance, α rt , is estimated, so that the rth condition (1 ≤ r ≤ 11) holds for the tth subset (1 ≤ t ≤ 2). Since these checked requirements are of different essence, fuzzy logic (Zadeh, 1965 ) is applied to generalize each criterion-specific α rt for the tested feature X Zmw to the universal scale u rt (X zmw , F), the so-called 'utility', which is estimated as:
According to the utility theory for decision making (Fishburn, 1970) , u rt (X zmw , F) is called 'partial utility of applying the features X Zmw for predicting the activity F'. After testing all 11 conditions for two subsets, the feature X Zmw is provided by 11 × 2 = 22 partial utilities u rt (X zmw , F). Their mean value represents 'the integral utility of the feature X Zmw for predicting the activity F' (Fishburn, 1970) :
Revealing significant context features of the sites
In what follows, we consider only the features X Zmw satisfying the condition:
In order that the feature X Zmw could fit condition (7), it should satisfy at least 11 out of 22 tested conditions for α < 0.01. If there exist several linearly dependent significant features X Zmw with the utility U(X Zmw , F) > 0, then only one of them with the maximal utility is chosen. As a result, a restricted set of linear-independent features X Zmw , significantly correlating to the site activity and not correlating to each other, is selected and stored in the database KNOWLEDGE ( Figure 5 ). Analogously, the significant conformational and physicochemical features X qab are selected.
Construction of the method for predicting site activity
Using the features selected for the site and applying the multiple linear regression, an optimization of the canonical equation (1) is performed for constructing the method for site activity prediction. C-code of the program enabling the calculation of the site activity value for an arbitrary sequence is automatically generated by the system ACTIVITY according to the optimized equation (1) and is stored in the KNOWLEDGE database ( Figure 5 ).
Algorithm
Applying the analysis of the respective ACTIVITY database entry by using the so-called 'impartiality' principle creates each KNOWLEDGE database entry. It means that 'any DNA feature is proposed to be significant until the opposite is directly deter- ined by experimental data'. That is why the so-called 'generating and testing hypotheses' algorithm (Hajek and Havranek, 1978) for the sequence-activity relationship is used. This combinatorial algorithm of the 'step-by-step' type is demonstrated in Figure 6 .
Training data set
Since experimental data on functional DNA site activity documented within the database ACTIVITY are considerably limited by concrete experimental conditions, both training and control data sets should be constructed by dividing this data set. In the training data set are included two pairs 'sequence-activity' with the maximal and minimal activity magnitudes, this denoting the range of activity values. When the so-called 'relative' activity scale is used, the fixed 'sequence-activity' pair denoting the scale marks '0', '1' or '100%' is also included in the training data set. If the experimental data are heterogeneous, i.e. the 'wild type', 'natural', 'deletion', 'insertion', 'substitution' and 'no-site' characteristics of DNA sequences, neither variant is included within the training data set, so the heterogeneity effect on the data analysis is minimal.
All the pairs 'sequence-activity' excluded from the training data set enter the control data set, so that the control and training data sets are not overlapping.
The training data set is analysed by the algorithm described above. On the contrary, the control set is not considered, because it is used as independent data for testing analysis significance.
Step 1.
By using each DNA sequence S n , included in the training data set {S n , F n }, all the possible sequence-dependent features {X k (S n )} are calculated. For the sequence S of length L, the total number of features calculated by formula (2) is constant, 15 4 × 180 = 9 112 500. On the contrary, the number calculated by formula (3) is variable, 38 × (L -1) × (L -2)/2, and depends on the sequence length square, L 2 . According to the 'impartiality' principle used for each DNA feature, i.e. 'generating and testing' without any preference, this step limits and predefines the complexity of the algorithm. Thus, the algorithm's complexity is of 'O(L 2 )' in terms of big 'O' notation.
This step gives the pairs of the quantitative values 'feature-activity' {X k (S n ), F n } required by the simple regression usage. So, this is the intermediate result #1 of the algorithm described.
Step 2.
For each fixed sequence-dependent DNA feature X k , this step provides an optimization of the coefficient pair (f 0k , f 1k ) denoting the simple regression {F k (S) = f 0k + f 1k × X k (S)}, formula (4). First, the coefficient values (f 0k , f 1k ) are calculated from the quantitative values 'feature-activity' {X k (S n ), F n } by the standard formulae (Forster and Ronr, 1979) . Next, the optimized simple regression is applied to the 'sequence-activity' pairs {S n , F n }.
This step results in the 'predicted-experimental' activity pairs, {F k (S n ), F n }, needed by Decision Making Theory (Fishburn, 1970) to estimate quantitatively the utility of the fixed feature X k usage for predicting activity F. Thus, this is the intermediate result #2 of the algorithm.
Step 3.
At this step, a comparison between the predicted and experimental activities {F k (S n ), F n } for the feature X k is made. Using Decision Making Theory (Fishburn, 1970) and fuzzy logic (Zadeh, 1965) , the coincidence level between 'predicted-experimental' activities {F k (S n ), F n } is estimated by statistics of three types: 'correlation', 'deviation' and 'distribution'. To decrease additionally the training data set heterogeneity, these statistics are checked by applying the relevant statistical criteria to various subsets extracted from the training data set, {S n , F n }, formulae (5) and (6).
At this step, the result is as follows: an applicability estimate U(X k , F) is assigned to each feature X k . This mark, called a utility in terms of Decision Making Theory (Fishburn, 1970) , increases with the number of significant coincidences between 'predicted-experimental' activities {F k (S n ), F n }. This assignment is an intermediate result #3 of the algorithm shown in Figure 6 .
Step 4.
From all DNA features {X k } calculated by formulae (2) and (3), this step selects the best feature {X # m } for predicting the site activity F. First, all the features {X k } assigned by the negative utility estimates, U(X k , F) < 0, are discarded by formula (7).
If neither U(X k , F) > 0, nothing is selected at this step, this being the negative result of the algorithm.
Otherwise, if two features, X k and X # m , correlate linearly then the feature X k with the lowest utility U(X k ,F) < U(X # m ,F) is discarded. This gives linearly independent DNA features {X # m } with the highest positive utilities {U(X # m ,F) > 0} for predicting the activity F. Hence, this is the positive result of the algorithm.
Final step.
Only for positive results, the coefficients {F 0 , F m } from formula (1) are calculated directly on the training data set {S n , F n } and selected features {X # m } by using the standard linear regression (Forster and Ronr, 1979) . Then the optimized formula (1) is applied to activity prediction on the control data set, not considered yet. On the control data set, the linear correlation r between predicted and experimental activities is calculated, and the significance level α is identified depending on the control set size.
Next, the 'C' programs of formulae (2) and (3) calculating the features {X # m } and formula (1) predicting the activity are generated and stored in the C-code fields of the KNOWLEDGE database entry ( Figure 5 ). In addition, this entry is accompanied by several help lines, namely: (i) 'UT', the program utility; (ii) 'LC', the linear correlation coefficient r value on the control data; (iii) 'FG', link to the GIF-file of the sequence-activity correlation diagram; (iv) 'WW', link to the Web tools executing this program. Thus, the KNOWLEDGE entry becomes ready to use.
As can be seen (Figure 5 ), at the final step, the KNOWLEDGE database entry is created, being SRS formatted and a well-documented program, directly applicable for sequence analysis.
Implementation and results
To demonstrate an implementation of the above-described algorithm, the experimental data on the specificity of the most extensively studied transcription factor MEF-2C for synthetic DNA (Meierhans et al., 1997; Meierhans and Allemann, 1998) were analysed. The resulting data are shown in Table 2 . Only the centred 15-bp-long subsequences, both at positive and negative strands, were considered ( Table 2 ). The results obtained are shown in Figure 7 , namely, (a) the mutant MEF-2C(2-117); (b, c and d) the mutant GG-MEF-2C; (e and f) the mutant GG-MEF-2C-R(3)K. Fig. 7 . Implementation of the algorithm presented for the most recent experimental data on the MEF-2/DNA specificity (Meierhans et al., 1997; Meierhans and Allemann, 1998) . Mutant MEF-2C(2-117): (a) correlation between the MEF-2C(2-117)/DNA specificity and persistence length (Hogan and Austin, 1987) . Mutant variant GG-MEF-2C: (b) correlation between the GG-MEF-2C/DNA specificity and minor groove width (Karas et al., 1996) ; (c) correlation between the GG-MEF-2C/DNA specificity and persistence length; (d) prediction of the GG-MEF-2C/DNA specificity within an arbitrary DNA sequence. Mutant GG-MEF-2C-R(3)K:z (e) correlation between the GG-MEF-2C-R(3)K/DNA specificity and persistence length; (f) comparison between the experimental GG-MEF-2C-R(3)K specificities with those predicted by formulae (8) and (9) addressed to MEF-2C(2-117) and GG-MEF-2C, respectively. The dsDNA variant 'MEF-D(-4),4' (the SRF transcription factor binding site) is marked by arrows.
Mutant MEF-2C(2-117)
For this analysis, the total number of 'sequence-specificity' pairs {S; -∆∆G MEF-2C(2-117) } equals 24. This experimental data set was divided into two non-overlapping subsets: the 'training' and the 'control' sets [ Table 2 ; column 'MEF-2C(2-117)']. The training subset was constructed as follows: both minimal and maximal specificities denote the MEF-2C(2-117)/DNA specificity range; the MEF-Site variant denotes the '0' specificity value; and the rest of the three training double-stranded (ds) DNAs present randomly retrieved data on specificity. The remaining 12 'sequence-specificity' pairs, both at positive and negative strands of six dsDNAs excluded from the training subset, form the control subset (Table 2 ; italicized and underlined).
Only the training subset was analysed by the algorithm. For each out of 12 training 15-bp-long sequences S n with the known specificities, ∆∆G MEF-2C(2-117);n (where 1 ≤ n ≤ 12), all the possible conformational and physicochemical features X(S n ) were calculated (3). The total number of these means, X, out of 38 B-DNA properties averaged over all the subsequences with a length between 2 and 15 bp, equals (15 -1) × (15 -2) × 38 = 3458. Thus, 3458 utilities U(X, -∆∆G MEF-2C(2-117) ) were calculated by formulae (4) and (5); and, finally, all possible linearly independent features {X} with the highest positive utilities {U(X, -∆∆G MEF-2C(2-117) )>0} were selected by formula (6). The resulting highest utility, U = 0.501, was assigned to the mean value of the B-DNA property 'Persistence length' (Hogan and Austin, 1987) , out of which dinucleotide step values were averaged over the region [-4 ; +3] positions relative to dsDNA central position 0. On the training subset, the linear regression coefficient r between MEF-2C(2-117)/DNA specificity magnitudes and identified mean persistence length equals -0.973. This correlation is demonstrated in Figure 7a (black circles, solid line). For testing the correlation between MEF-2C(2-117)/DNA specificity and persistence length, only the control subset of 12, 15-bp DNA sequences with the known specificities, both at positive and negative strands of six dsDNAs, was used. Essentially, none of these sequence-specificity pairs was considered for revealing correlation. For each of the 12 control sequences, the mean value of persistence length on the region [-4; +3] was calculated by equation (3). The resulted 'specificity-persistence length' pairs for each control DNA sequence are given in Figure 7a by open circles, and, in addition, the linear correlation is denoted by a broken line. On the control data, the linear correlation coefficient r equals '-0.872' and corresponds to the significance level α < 0.01. So, correlation between the MEF-2C(2-117)/DNA specificity and the mean persistence length was confirmed by independent experimental data. Using this correlation, the simple regression for predicting MEF-2C(2-117)/DNA specificity, '-∆∆G MEF-2C(2-117) (S)', from the sequence S is calculated as follows:
-DDG MEF-2C(2-117) (S) + 1.246-0.051 [Persistence length](S) (8) Formula (8) is the result of algorithm implementation on the data on the specificity of mutant MEF-2C(2-117) to dsDNA (Meierhans et al., 1997; Meierhans and Allemann, 1998) .
Mutant GG-MEF-2C
In this case, the total number of 'sequence-specificity' pairs {S; -∆∆G GG-MEF-2C } equals 22. Since the mutants MEF-2C(2-117) and GG-MEF-2C differ by specificities to dsDNA, this GG-MEF-2C data set was de novo divided into two non-overlapping 'training' and 'control' subsets (Table 2; column 'GG-MEF-2C'). The training subset included the MEF-Site variant, minimal and maximal specificities, -∆∆G GG-MEF-2C , and two out of three randomly retrieved variants which were used for the above MEF-2C(2-117) analysis. The remaining 12 'sequence-specificity' pairs form the control subset (Table 2 ; italicized and underlined). Table 2 . Data on MEF-2/DNA specificity, -∆∆G (Meierhans et al., 1997; Meierhans and Allemann, 1998) The training subset analysis carried out in the above described manner resulted in two B-DNA features responsible for the GG-MEF-2C/DNA specificity. First, the major B-DNA feature was 'minor groove width' (Karas et al., 1996) , characterized by the above denoted parameters U = 0.476, region [-5 ; +4]; r = 0.907 (Figure 7b ). This result agrees with the TRANSFAC-based classification of transcription factors by DNA-binding domains, namely, MEF-2C belongs to the Superclass #4 'β-Scaffold contacting Minor Groove', the class #4.3 'MADS box' (Heinemeyer et al., 1999) . Second, the minor B-DNA feature was 'persistence length' (U = 0.388, region [-4 ; +3]; r = -0.728; Figure 7c ). This B-DNA feature specific for GG-MEF-2C coincides with that specific for MEF-2C(2-117). Nevertheless, the mutants GG-MEF-2C and MEF-2C(2-117) differ by the 'persistence length' contribution to DNA specificity. 'Persistence length' is minor for GG-MEF-2C and major for MEF-2C(2-117).
The control test results obtained for these two B-DNA features are shown in Figure 7b and c, respectively, by open circles and broken lines. One can see that both 'minor groove width' and 'persistence length' features are significantly correlating with the GG-MEF-2C/DNA specificity on the independent experimental data, r = 0.681 (α < 0.05) and r = -0.881 (α < 0.01), respectively. Using these two B-DNA features and the training subset, the multiple regression for predicting GG-MEF-2C/DNA specificity, -∆∆G GG-MEF-2C , from a given sequence was optimized. Figure 7d 
As one can see in Figure 4 , (a) 'minor groove width' discriminates between the homogeneous and heterogeneous (T/A)-containing dsDNA steps and (b) 'persistence length' discriminates between the (T/A)-rich and (T/A)-less ones. Formula (9) was optimized with the positive contribution of 'persistence length' to the GG-MEF-2C/DNA specificity, while 'persistence length' negatively correlates with the specificity (Figure 7c ). Since the dsDNA step TA has the highest minor groove width value (Figure 4a ; 6.40 Å) and the lowest persistence length value (Figure 4b ; 20 nm), formula (9) reveals that the minor groove width size is restricted by molecular mechanisms of the MEF-2C/DNA interaction. This restriction is consistent with the MADS-box/DNA-binding molecular mechanism discussed in Meierhans and Allemann (1998) , i.e. the widest minor groove can disturb both distanceand orientation-sensitive hydrogen bonds stabilizing the normal MADS-box/DNA complex.
Since an additional optimization was carried out for constructing formula (9), this formula was additionally tested on the control subset ignored for the initial design of this formula. These control test results are given by open circles and a broken line in Figure 7d . As can be seen, the formula (9) control predictions were consistent with the independent experimental data, r = 0.614 (α < 0.05).
Mutant GG-MEF-2C-R(3)K
For this study, the total number of 'sequence-specificity' pairs {S; -∆∆G GG-MEF-2C-R(3)K } equals 14, because only seven dsDNAs were considered for the mutant GG-MEF-2C-R(3)K in the paper by Meierhans and Allemann (1998) . Since the ACTIVITY knowledge discovery system is limited by at least six unique DNAs, the GG-MEF-2C-R(3)K data were not divided into 'training' and 'control' subsets (Table 2 ; column 'GG-MEF-2C-R(3)K'). For the complete data set studied in the above described way, the highest utility, U = 0.452, was found for the persistence length averaged on the region [-4; +5] . Figure 7e shows the significant correlation between the GG-MEF-2C-R(3)K/DNA specificity and 'persistence length' (r = -0.911, α < 0.01).
Thus, in terms of 'persistence length contributing the protein-DNA specificity', the mutant GG-MEF-2C-R(3)K is more similar to MEF-2C(2-117) than to GG-MEF-2C. This evidence is demonstrated in Figure 7e , where the GG-MEF-2C-R(3)K/DNA specificity magnitudes (Meierhans and Allemann, 1998 ) are compared to those predicted by formula (8) for MEF-2C(2-117) (given in black circles and a solid line), and by formula (9) for GG-MEF-2C (open circles and a broken line). As one can see, both predictions are significantly correlated with the experimental data. However, formula (8) giving r = 0.951 is more suitable than formula (9) with r = 0.702. In Figure 7f , two arrows pinpointing the dsDNA variant MEF-D(-4)4 (the SRF transcription factor binding site) illustrate the dramatic difference between GG-MEF-2C and two others. Indeed, due to the minor groove width sensitivity, mutant GG-MEF-2C is better at discriminating between the MEF and SRF sites than both other mutants sensitive only to the persistence length feature. This observation is also in agreement with the experimentally based conclusion (Meierhans and Allemann, 1998) .
Discussion and conclusions
Currently, the database ACTIVITY contains descriptions of >400 experiments from >200 published papers. ACTIVITY contains experiments on promoters, protein-binding sites, mRNA leaders, pre-mRNA processing sites, and many other DNA and RNA sites in pro-and eukaryotes. Examples of the data on activities of various functional sites are shown in Examples of significant statistical, physicochemical and conformational features revealed for functional sites, and the methods for predicting site activity, are given in Table 4 . Num, the number of sequences in set; Ad, adenovirus; MLP, major late promoter; yTBP, yeast TBP; hTFIID, hUSF, human TFIID, human USF transcription factors; min, max, minimal and maximal values of activity for site variants; WT, wild type. 
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Amount of mutations n, total number of site variants; X k , feature selected; U, utility; r, linear correlation coefficient; α, significance of the linear correlation coefficient; [TA], the concentration of TA dinucleotide weighted maximally on 3-half of synthetic 15 bp dsDNA ( Figure 3a) ; Pnucl, probability of contacting nucleosome core (Satchwell et al., 1986) ; depth, minor groove depth (Karas et al., 1996) ; width, minor groove width (Karas et al., 1996) ; DIST, major groove width distance (Gorin et al., 1995) ; twist, helical twist (Karas et al., 1996) ; Twist, helical twist in DNA-protein complexes (Suzuki et al., 1996) ; tilt, tilt in DNA-protein complexes (Suzuki et al., 1996) ; F = F 0 + Ρ i F i X i is the linear regression (1) derived for predicting the site activity. Fig. 8 . Dependence of the experimental values of TBP affinity for complementary duplexes of synthetic 15 bp oligoDNA (Savinkova et al., 1998 ) (a) from the mean values of parameter 'minor groove width', (b) from the weighted concentration of dinucleotide TA, (c) from the values of predicted affinity. Control testing this affinity predicted using the independent experimental data (d) on the TBP/DNA relative affinity (Wiley et al., 1992) , (e) on the TBP/DNA complex lifetime (Starr et al., 1995) and (f) on the transcription activity of the mutant TATA-containing promoters (Diagana et al., 1997) .
By the commonly accepted principle of database 'impartiality', we compile as many experimental data sets as ACTIVITY annotators can find in the literature and introduce into the ACTIVITY database. The only criterion on the data set selection is used, namely, the set size should exceed six 'sequence-activity' pairs, being the limit of the knowledge discovery module. For the KNOWLEDGE database, the 'impartiality' principle is also postulated, so that the number of sequence-dependent features, generated and tested for significant correlation with site activity magnitudes, should be limited only by computer power.
TBP/TATA box affinity
Applying the above algorithm, experimental data on yeast TBP affinity to synthetic 15 bp dsDNAs with TATA-like subsequences in the centres (Savinkova et al., 1998) were analysed. On the training data set, two best sequence-dependent DNA features were selected. First, the conformational feature 'The value of the parameter "Minor groove width" (Karas et al., 1996) averaged over the interval [6; 9] bp of this oligonucleotide' was proved to be significant for TBP/dsDNA affinity (Figure 8a ; on the control set: r = 0.95, α < 10 -4 ). Second, the concentration of TA dinucleotide weighted maximally on the 3-half of synthetic 15 bp dsDNA (Figure 3a) is demonstrated in Figure 8a (control set: r = 0.80, α < 10 -4 ). By using these two best DNA features, the linear-additive approximation, formula (1), was optimized on the training set: 
Formula (10) presents the result (Figure 8c ; control set: r = 0.96, α < 10 -4 ) obtained by the algorithm for experimental data on TBP/DNA affinity (Savinkova et al., 1998) .
This result obtained by our group was compared with independent X-ray data on TBP/TATA complexes (for a review, see Jou et al., 1996) . The three-dimensional (3D) data have established that TBP protein binds DNA mainly (i) by intercalating two phenylalanine side chains into the minor groove of the 8 bp region with asymmetrical consensus TATAAAA and (ii) by making the hydrogen bond and van der Vaals' contacts between the protein and closely 3D-located DNA atoms. As can be seen, the importance of the TATA box minor groove width feature (Figure 8a ) is in agreement with TBP/TATA complex 3D structures (Jou et al., 1996) . The positive correlation between TA dinucleotide concentration and TBP/DNA affinity magnitudes (Savinkova et al., 1998) shown in Figure 8b is commonly accepted. However, according to formula (10), TA dinucleotide weighted maximally under the 3-half of the TATA box (Figure 3a ) contributes negatively to TBP/DNA affinity. This negative contribution agrees with asymmetry of the TATA box consensus TATAAAA, the 3-half of which is, indeed, no-'TATA' (Jou et al., 1996) . Since the dsDNA step TA has the highest minor groove width, 6.40 Å (Figure 4) , the symmetrical TATA box should have the widest minor groove that can disturb the distance-and orientation-sensitive hydrogen bonds and van der Vaals' contacts stabilizing the normal TBP/TATA complex (Jou et al., 1996) . Interestingly, this conclusion on the TBP/TATA complex is also in agreement with the above-described formula (9) for the MEF-2C/DNA specificity (Figure 7) . Thus, both the TBP and MEF-2C proteins belonging to the Superclass #4 'β-Scaffold contacting Minor Groove' (Heinemeyer et al., 1999) are characterized by two significant DNA features. The 'minor groove width' is the common and major feature, whereas the minor features are differing and limiting the size of the minor groove width.
In addition, we verified formula (10) by using several other independent experimental data on (i) TBP/DNA relative affinity (Wiley et al., 1992) , (ii) TBP/DNA complex lifetime (Starr et al., 1995) and (iii) transcription activity of the mutant TATA-containing promoters (Diagana et al., 1997) . These control test results are shown in Figure 8d , e and f, respectively. Notably, TATA box activity variances are reliably explained by application of formula (10) to three independent experiments.
YY1 repression activity
Two experimental data sets, I and II, on YY1 transcription factor repression (Hyde-DeRuyscher et al., 1995;  Figure 3a and b, respectively) were analysed by the system ACTIVITY (this work). For this purpose, sets I and II were considered as the 'training' and 'control' sets, respectively. The system ACTIVITY application to the training data set I revealed that the feature 'twist in protein-DNA complexes' (Suzuki et al., 1996) correlates negatively to YY1 binding site repression activity (Figure 9a ; black circles, solid line, r = -0.766, α < 10 -3 ). On the control data set II, this correlation was significantly confirmed (Figure 9a ; white circles, broken line, r = -0.73, α < 0.05). In Figure 9a , sets I and II are shifted; this is also consistent with the experimental data (Hyde-DeRuyscher et al., 1995) , because these two sets were tested in different experimental conditions. This example illustrates that quantitative estimation of predicted activity is considerably limited by initial experimental conditions, whereas the qualitative 'sequence-activity' correlation is not. The formula predicting the YY1 repression activity for an arbitrary sequence by using 'twist in protein-DNA complexes' is presented in Table 4 .
The above result was compared with independent X-ray data on YY1/DNA complex (Houbaviy et al., 1996) . 3D data reveal that YY1 protein binds the 12 bp DNA region of one complete turn around the main DNA axis (Houbaviy et al., 1996) . As can be seen, this 12 bp DNA turn corresponds to 32.73_ of the mean property 'twist in YY1/DNA complexes ', 32.73 = 360/(12 -1) , that is, indeed, less than the standard 36_ in B-DNA. Thus, the negative correlation, obtained in the present study, between the property twist in protein-DNA complexes and YY1 repression activity agrees with the YY1/DNA 3D structure (Houbaviy et al., 1996) .
PE1B box adjacent TATA box activity
Tissue-specific activity magnitudes of the mutant PE1B box helping the TBP/TATA recognition within mouse αA-crystalline gene promoter (Sax et al., 1995) were analysed by the ACTIVITY system too. The data testing demonstrates that PE1B/TATA activity correlates negatively with the property 'probability of contact with nucleosome core' (Satchwell et al., 1989) , the mean value of which averaged over the interval [-32; -25] bp from the transcription start appeared to be the most significant physicochemical feature of the PE1B/TATA box region (Figure 9b ; r = -0.77, α < 10 -2 ). This negative correlation indicates that the tighter is the interaction of the promoter with nucleosomes, the lower is the transcription activity. This result obtained by ACTIVITY agrees with the independent experimental data (Godde et al., 1995; Edmondson and Roth, 1996) indicating that nucleosome displacement from the promoter precedes TBP/TATA binding.
2-Aminopurine-induced mutability in E.coli
As a none-site-specific activity example, the experimental data on 2-aminopurine (2AP)-induced mutability in E.coli lacI gene were investigated in this work.
The ACTIVITY system results are that 2AP-mutability increases with the melting DNA temperature growth (Gotoh and Tagashira, 1981) upstream to mutation hotspots ( Figure  9c ; control set: r = 0.90, α < 10 -5 ). (Hyde-DeRuyscher et al., 1995) correlates with 'twist in protein-DNA complexes'; (b) the transcription activity of mouse αA-crystalline gene promoter containing the PE1B/TATA box (Sax et al., 1995) correlates with 'probability of contact with nucleosome core'; (c) the 2-aminopurine induced mutability correlates with 'melting temperature'. Dependence of transcription factor USF-DNA binding affinities (Bendall and Molloy, 1994) from the mean values of parameter (d) 'helical twist', (e) 'minor groove depth' and (f) comparison of the predicted and experimental affinities. The formulae predicting the above-demonstrated activities are given and described in Table 4. This result obtained by ACTIVITY was compared to independent experimental data on the 2AP-mutability molecular mechanism (Mhaskar and Goodman, 1984) . In the experiment cited, it was established that 2AP can be sequence independently replicated by mispairing 2AP:C instead of the nucleotide G. In what follows, this 2AP sequence dependently uncorrected by repair machinery can be misread as the nucleotide A analogue. Finally, substitution T appears instead of C. This experiment has also identified that repair errors are significantly more frequent just to the right from the G:C pairs than the A:T pairs.
Since the melting temperature of G:C pairs is higher than that of A:T pairs (Gotoh and Tagashira, 1981) , the correlation, detected in this work, between melting temperature upstream mutation hotspots and 2AP-mutability magnitudes is in agreement with independent experimental data on the 2AP-mutability molecular mechanism (Mhaskar and Goodman, 1984) .
The importance of the DNA region upstream of the 2AP-induced mutation hotspot was first computationally supported by Stormo et al. (1986) . As can be seen, the result obtained by ACTIVITY is in agreement with computation previously observed (Stormo et al., 1986) .
Database activation (on example of the USF/DNA affinity)
The development of the ACTIVITY system basic scheme has unexpectedly resulted in the novel research ability illustrated above by the example of USF/DNA affinity. The experimental data on USF/DNA affinity magnitudes (Bendall and Molloy, 1994) are documented within the ACTIVITY database entry shown in Figure 2 . As can be seen, this entry is SRS formatted and, hence, navigable by the SRS user's Interface (Etzold and Argos, 1993) . On experimental data (Bendall and Molloy, 1994) , the ACTIVITY system demonstrates that USF/DNA affinity magnitudes correlate with twist ( Figure 9d ; r = -0.86, α < 10 -4 ) and minor groove depth (Figure 9e ; r = -0.78, α < 10 -3 ), dinucleotide values of which were taken from Karas et al. (1996) . By using these two DNA features, the multiple regression predicting the USF/DNA affinities from an arbitrary DNA sequence was optimized (Table 4) , control tested (Figure 9f ; r = -0.91, α < 10 -5 ) and, finally, stored within the KNOWLEDGE database entry shown in Figure 5 . As can be seen from the figure, the KNOWLEDGE database entry on USF/DNA affinity prediction is SRS formatted and, hence, searchable by the SRS user's Interface (Etzold and Argos, 1993) . Figure 10 exemplifies a scenario for (A) ACTIVITY and (B) KNOWLEDGE database usage, (C) the search for Web-based tools predicting (D) the profile of the USF/DNA affinity along arbitrary DNA sequences. In this figure, the solid arrows navigate via user's data analysis, and the broken lines navigate via interpretations followed from this analysis. Indeed, this is the novelty.
In conclusion, it should be stressed that for each case considered, the system ACTIVITY deals with information obtained in concrete experimental conditions. So, it reveals the peculiarities of the sites and constructs the method for predicting site activity significant for these particular experimental conditions. In future, we plan to increase the bulk of experimental data on activity of functional sites and the set of conformational and physicochemical DNA parameters within the system ACTIVITY. In addition, more complex models accounting for the mutual influence of significant DNA features on site activity will supplement the linear-additive model of predicting site activity.
